Fluid Dynamics-Based Distance Estimation Algorithm for Macroscale
  Molecular Communication by Gulec, Fatih & Atakan, Baris
1Fluid Dynamics-Based Distance Estimation
Algorithm for Macroscale Molecular
Communication
Fatih Gulec, Baris Atakan
Abstract
Many species, from single-cell bacteria to advanced animals, use molecular communication (MC) to
share information with each other via chemical signals. Although MC is mostly studied in microscale, new
practical applications emerge in macroscale. It is essential to derive an estimation method for channel
parameters such as distance for practical macroscale MC systems which include a sprayer emitting
molecules as a transmitter (TX) and a sensor as the receiver (RX). In this paper, a novel approach based
on fluid dynamics is proposed for the derivation of the distance estimation in practical MC systems.
According to this approach, transmitted molecules are considered as moving droplets in the MC channel.
With this approach, the Fluid Dynamics-Based Distance Estimation (FDDE) algorithm which predicts
the propagation distance of the transmitted droplets by updating the diameter of evaporating droplets at
each time step is proposed. FDDE algorithm is validated by experimental data. The results reveal that
the distance can be estimated by the fluid dynamics approach which introduces novel parameters such
as the volume fraction of droplets in a mixture of air and liquid droplets and the beamwidth of the TX.
Furthermore, the effect of the evaporation is shown with the numerical results.
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2I. INTRODUCTION
In molecular communication (MC), which is inspired by nature, chemical signals are employed instead
of electrical signals for information transfer. The motivation for the emergence of MC is to establish
communication between nanomachines in a nanonetwork [1], [2]. However, MC has a potential for
practical applications in macroscale [3].
The first experimental study about macroscale MC is given in [4] where a MC link between a sprayer
and a sensor can be established by using alcohol molecules. [5] proposes an experimental MC system
which is inspired by the human cardiovascular system for macroscale MC. This system uses the pH
level of a chemical to encode information symbols. In [6], a similar system is proposed where magnetic
nanoparticles are employed instead of chemicals. In [7] and [8], it is shown that an odor generator and
a mass spectrometer can be employed as a molecular transmitter (TX) and molecular receiver (RX),
respectively. Multiple-input multiple-output (MIMO) technique is proposed in [9] to increase the data
rate for macroscale MC. [10] proposes a method to mitigate inter-symbol interference for a practical
macroscale MC system. Furthermore, a bio-inspired target detection algorithm is proposed in [11] for the
autonomous movement of mobile RX robots towards a static TX in a mobile macroscale MC system.
In MC, the distance between the TX and RX is a significant channel parameter, since higher data rates
can be achieved via an accurate distance estimation by arranging the MC system parameters properly
[12], [13]. Furthermore, the location of a molecular TX in a molecular network can be found by an
accurate distance estimation in a practical application. For instance, the location of an infected human
which spreads a disease by emitting aerosol droplets through sneezing or coughing in a crowded place
can be predicted by employing biological sensors as the RX and the infected human as the TX [14].
The distance estimation methods in the literature can be discussed as two-way and one-way methods. In
two-way methods, the TX sends a molecular pulse signal to the RX and the RX sends a feedback signal
to the TX, when it is received. Subsequently, the distance is calculated by the TX based on this feedback
signal [15], [16], [17]. In one-way distance estimation methods which need less time with respect to
two-way methods, the distance is estimated by the RX. In [18], the received peak concentration or the
peak time between the consecutive transmissions are measured by the RX for distance estimation in a
1-D channel. In [19], two distance estimation schemes are proposed for a 3-D diffusion channel where
the received peak time and the received energy are used for the first and second scheme, respectively. In
addition, an algorithmic distance estimation method is proposed in [20] by the same authors. The study
in [21] proposes a method which uses maximum likelihood estimation for a 3-D diffusion channel. [22]
proposes joint estimation methods for channel parameters in a diffusive channel with a steady flow and
3degradable molecules. In all of these estimation methods, an ideal microscale channel where molecules
propagate via diffusion is considered. Our study given in [23] proposes five methods including three data
analysis based and two machine learning methods for distance estimation in a practical macroscale MC
system for the first time. However, the physical meanings of the estimation parameters on which these
methods depend are not known.
In fact, the liquid is sprayed as droplets rather than molecules in practical macroscale scenarios [24],
[25]. Due to the initial velocity of droplets, they interact with air particles during their propagation.
Therefore, considering only the diffusion of molecules is not sufficient, and a fluid dynamics perspective
is needed for a more accurate distance estimation in macroscale scenarios as initially discussed in [23]. In
this paper, the Fluid Dynamics-Based Distance Estimation (FDDE) algorithm is proposed for a practical
macroscale MC system. In the FDDE algorithm, droplets are considered as information carriers in the
channel and a two-phase flow model is used. Here, liquid phase of droplets and gas phase of air particles
represent these two phases. In this model, liquid droplets and gaseous air particles move together as
a mixture. Moreover, it is considered that droplets evaporate as the time elapses. The TX is modeled
as a directed emitter with a predefined beamwidth. Droplets are assumed to move in a cone shaped
volume determined by this beamwidth. Then, the laws of mass and momentum conservation are utilized
to estimate the average propagation distance of the droplets from the TX by analytical derivations.
The FDDE algorithm employs these derivations by also considering reducing droplet diameter due to
evaporation as the droplets propagate in the MC channel. Subsequently, the proposed FDDE algorithm is
validated by experimental data. It is shown that the distance between the TX and RX in the MC channel
depend on novel parameters such as the beamwidth of the TX, volume fraction of the droplets in the
mixture volume and densities of the air particles and liquid droplets. Moreover, the results show that the
effect of the evaporation for shorter distances is small. With the validation of the FDDE algorithm, it is
revealed that modeling the motion of the droplets with a fluid dynamics approach can be employed for
distance estimation in practical macroscale MC systems.
The rest of the paper is organized as follows. The experimental setup is given in Section II. The proposed
FDDE algorithm is presented in Section III. The experimental work explaining the measurement of the
required parameters is given in Section IV-A. The numerical results including validation of the proposed
FDDE algorithm are presented in Section IV-B. Finally, concluding remarks are given in Section V.
II. EXPERIMENTAL SETUP
The experimental setup given in Fig. 1 includes a TX, a RX and the propagation channel (air). The
TX is an electric sprayer which transmits ethanol droplets with an initial velocity and the RX is an MQ-3
4alcohol sensor. In order to establish synchronization, the TX and RX are controlled by the same Arduino
microcontroller which is connected to a computer. The TX is connected to the microcontroller via a
custom switch circuit. In this study, the TX emits the ethanol droplets for different distances between
the TX and RX as a short pulse whose duration is defined as the emission time (Te). No fan is used to
generate a flow between the TX and RX. Furthermore, the alignment of the TX and RX on the horizontal
axis is made precisely. The experimental setup detailed in this section is employed for the validation of
the proposed FDDE algorithm, which is explained in the next section.
Fig. 1: The experimental setup: The TX (left) and RX (right).
III. FLUID DYNAMICS-BASED DISTANCE ESTIMATION ALGORITHM
In this section, the FDDE algorithm is proposed to estimate the distance between the TX and RX with
a fluid dynamics approach. When the droplets are transmitted into the air, air particles are entrained by
the droplets and this induces an air flow. During this interaction generating this air flow in the vicinity
of the nozzle of the TX, the velocity difference among the droplets and air particles is large and this
difference fluctuates over time. Here, it is useful to introduce Reynolds number (Re) which determines
the flow type of the fluid, i.e., laminar or turbulent. The changing relative velocity of the droplets with
respect to air particles cause Re to grow which is given by
Re =
d|vd − va|
νa
(1)
where d is the diameter of the droplet, νa is the kinematic viscosity of the air, vd and va are the
velocities of the droplets and air particles, respectively. As Re increases, deriving analytical solutions for
the motion of particles becomes difficult, since the turbulent diffusivity increases [24]. However, as the
distance between the TX and RX increases, the droplets can be assumed to have nearly the same velocity
with the entrained air particles. This situation makes Re small and turbulent flows are not considered.
Hence, a tractable analytical solution for the average velocity and traveling distance of the droplets is
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Fig. 2: Two-Phase Flow Model.
feasible. For a macroscale scenario without a constant flow, the distance between the TX and RX is
sufficiently large that the effect of the initial interaction among the droplets and air particles can be
negligible for the total traveling distance of the droplets. The motions of the droplets and air particles
with the same velocities can be modeled by using the two-phase flow model. In this model, the two
phases represent the liquid and gas phases of the fluid particles, i.e., liquid droplets and gaseous air
particles. As illustrated in Fig. 2, droplets and air particles move together as a mixture between the TX
and RX. This mixture is assumed to propagate in a cone shaped volume which has a beamwidth of
2θ (see Fig. 2). In fluid dynamics literature, two-phase flow models are applied to estimate the average
distance of the fuel droplets sprayed by a fuel injector in a car engine [26] or the coverage of the sprayed
pesticide droplets in agriculture [25]. In this study, the two-phase flow model given in [26] is adopted
and modified to estimate the propagation distance of the droplets transmitted from the TX. Furthermore,
the evaporation of the droplets, which is detailed as follows, is considered for the FDDE algorithm.
A. Evaporation of Droplets
The transmitted droplets can evaporate as they move away from the sprayer [25]. The evaporation can
be described in terms of the reduction in the droplet diameter. The diameter change with respect to time
is modeled as [27]
∂d
∂t
= −2MvDvρa∆P
MadρdPa
(2 + 0.6Sc1/3Re1/3), (2)
where Mv is the molecular weight of the evaporating vapor, Ma is the molecular weight of the air, Dv
is the diffusion coefficient of the droplet’s vapor in the air, d is the droplet diameter, Pa is the partial
air pressure, ∆P is the pressure difference between the droplet surface and the diffusing vapor in the air
and Sc is the Schmidt number which is given by Sc = νa/Dv. The parameters and subscripts used for
the proposed algorithm are summarized in Table I.
6TABLE I: Definitions of the parameters and subscripts
Parameter Definition Parameter Definition
Re Reynolds number M Molecular weight
θ Half-beamwidth of the TX d Average diameter of the droplet
D Diffusion coefficient ρ Density
∆t Time step P Partial pressure
Sc Schmidt number m Mass
∆P Vapor pressure difference V Conical mixture volume
αd Volume fraction of droplets in
mixture
Te Emission time of the TX
D0 Diameter of the nozzle orifice A Circular cross-sectional area
v Average velocity m˙ Mass flow rate
s Average distance R Diameter of A
p Momentum ts Total simulation time
r Distance between the nozzle and
starting point of the flow
p˙ Time rate of change of the linear
momentum
Subscript Subscript
d droplet (liquid ethanol) i value at the ith time step
v vapor ethanol x mixture
a air 0 initial value
For an algorithm which evaluates the motion of droplets by using (2), the diameter change (∆d) in
every time step can be given as below
di = di−1 + ∆d (3)
∆d = −2MvDvρa∆P
MadiρdPa
(2 + 0.6S1/3c Re
1/3)∆t, (4)
where di is the diameter at the time ti which increases with steps of ∆t for each iteration and represents
the elapsed time at the ith time step. In order to estimate the distance values in a practical MC system, it
is essential to relate these values with the measured sensor voltage values. For this purpose, ti is assumed
as the peak time of the signal measured by the sensor, since the majority of droplets are assumed to
reach the RX at this peak time.
Here, a new parameter (αd) which shows the volume fraction of the droplets in the mixture of droplets
and air particles (see Fig. 2) is introduced. The evaporation of droplets causes αd to be time-dependent.
As the diameters of droplets change with time, αd is needed to be updated. To derive a model for this, let
N be the number of droplets, di the average diameter of a spherical droplet, V the mixture volume and
αdi the volume fraction of droplets in the mixture volume during the i
th time step. Here, V is considered
7as a constant cone-shaped volume with the beamwidth of the TX for the distance between the TX and
RX as shown in Fig. 2. Then, the volume fractions for consecutive time steps can be given as
αdi−1 =
N 43pi
(
di−1
2
)3
V
(5)
αdi =
N 43pi
(
di
2
)3
V
. (6)
Hence, the relation between consecutive volume fractions of droplets is given by
αdi = αdi−1
(
di
di−1
)3
. (7)
For this derivation, it is essential to consider that the number of droplets in the mixture volume increases
during the emission of droplets. Therefore, it is assumed that the volume fraction of droplets at t = Te is
a pre-known constant, i.e., αd0 , and αdi increases linearly between t = 0 and t = Te. After t = Te, the
volume fraction is given by (7). Hence, the volume fraction of droplets can be defined as a time-dependent
function:
αd(t = ti) = αdi =

αd0
Te
ti , 0 ≤ ti ≤ Te (8)
αdi−1
(
di
di−1
)3
, ti > Te. (9)
B. Propagation of Evaporating Droplets in Two-Phase Flow
In order to clearly explain the propagation of evaporating droplets in two-phase flow, some definitions
related with fluid dynamics are first given as follows. As illustrated in Fig. 2, the liquid phase and the gas
phase form two phases of the two-phase flow model in which liquid droplets and gaseous air particles
move together as a mixture. This model can be generated by employing the laws of mass and momentum
conservation. In fluid dynamics, the conservation of mass is applied by using the mass flow rate (m˙)
which is defined as the amount of mass flowing through a surface per unit time (kg/s) [28]. From the
conservation of mass, which states that the net mass flow rate (m˙) is zero in a closed system (a system
with no external forces acted on and no external matter exchange), the equation below can be written
[28]
m˙0 = m˙i, (10)
where m˙0 and m˙i is the mass flow rate of droplets for the initial state and ith time step, respectively.
The mass flow rate is expressed by [28]
m˙i = ρiAivi, (11)
where ρi is the density of the fluid (kg/m3) and vi is the fluid velocity (m/s) which is perpendicular to
the cross-sectional area of the fluid Ai (m2) for the ith time step. The mass flow rate of droplets at the
8ith time step can be expressed by subtracting the mass flow rate of air particles from the mixture of
droplets and air particles. Then, (10) can be given as
ρdA0v0 = ρxiAxivxi − (1− αdi)ρaAxivxi , (12)
where A0 is the circular cross-sectional area of the nozzle, v0 is the initial velocity of droplets, ρxi is
the density of the mixture, vxi is the velocity of the mixture and Axi is the circular cross-sectional area
of the mixture volume at the ith time step as illustrated in Fig. 2. In (12), the term in the left-hand side
shows the initial mass flow rate of droplets. The first term and second term of the right-hand side gives
the mass flow rate of the mixture and entrained air, respectively.
As observed in Fig. 2, the geometrical relation between Axi and A0 can be represented as given by
tan(θ) =
D0
2r
=
Ri
2(si + r)
, (13)
where D0 is the diameter of the nozzle orifice, r is the distance between the nozzle and the assumed
theoretical starting point of the flow, θ is the half-beamwidth of the TX, si is the distance traveled by
the mixture or droplets and Ri is the diameter of Axi at the ith time step. By using (13), Axi can be
represented in terms of A0, si, D0 and θ as given by
Axi = A0 + piD0 si tan(θ) + pis
2
i tan
2(θ). (14)
Next, the conservation of the momentum is exploited to derive the estimated distance. The momentum
(p) can be defined for the ith time step as given by [28]
pi = mivi. (15)
The law of momentum conservation states that the total momentum does not change for a closed system.
In our model, it is assumed that the fluid motion is linear (not rotational) and only on the horizontal
axis. As in the case of conservation of mass, the time rate of change of the linear momentum, which is
defined as the change of the momentum in time, is employed to apply the momentum conservation in
fluid dynamics [28]. To that end, the linear momentum equation, which implies that the system’s time
rate of change of the linear momentum (p˙) is constant for a closed system, is used as given by [28]
p˙0 = p˙i, (16)
where the left-hand side and right-hand side statements are the time rate of changes of the linear
momentum at the initial state of droplets and the mixture state, respectively. By substituting (15) into
(16), the linear momentum equation is expressed in terms of mass flow rate as given by [28]
m˙0v0 = m˙ivi (17)
ρdA0v
2
0 = ρxiAxiv
2
xi , (18)
9where the mass flow rate derived in (11) is substituted into (17). The equations (12), (14) and (18) are
manipulated to derive the traveling distance of the mixture. Firstly, (12) is multiplied by 1/(Axivxi) and
ρxi is derived as shown below.
ρxi =
ρdA0v0
Axivxi
+ (1− αdi)ρa. (19)
Secondly, (18) can be written as
ρxi =
ρdA0v
2
0
Axiv
2
xi
. (20)
Then, (20) is substituted into (19) and all the terms are taken to the left-hand side as given by
ρdA0v
2
0
Axiv
2
xi
− ρdA0v0
Axivxi
− (1− αdi)ρa = 0. (21)
Afterwards, we let v˜i = v0/vxi and write (21) in terms of v˜i as
v˜2i − v˜i −
(1− αdi)ρaAxi
ρdA0
= 0. (22)
For physically meaningful parameter values, one of the roots of (22) is negative and the positive root is
given by
v˜i =
v0
vxi
=
1
2
(
1 +
√
4(1− αdi)ρaAxi
ρdA0
)
. (23)
By using (23), vxi is found as
vxi =
2v0
1 +
√
4(1−αdi )ρaAxi
ρdA0
. (24)
By substituting A0 =
piD20
4 and (14) into (24), vxi is derived as
vxi =
2v0
1 +
√
k1 + k2si + k3s2i
. (25)
where
k1 = 1 + 4(1− αdi)
ρa
ρd
, k2 =
16(1− αdi)ρa tan(θ)
D0ρd
,
k3 =
16(1− αdi)ρa tan2(θ)
D20ρd
. (26)
The average velocity of droplets can be expressed as the derivative of the distance with respect to time.
Hence, vxi is given in terms of the difference of the consecutive distance and time values as given by
vxi =
∆si
∆t
=
si − si−1
∆t
, (27)
where ∆si represents the average distance traveled by the droplets for the time duration ∆t = ti − ti−1.
By incorporating (26) into (25), the following equation is derived:√
k1 + k2si + k3s2i =
2v0∆t
∆si
− 1. (28)
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Then, both sides of (28) are squared as given by
k1 + k2si + k3s
2
i =
4v20(∆t)
2 − 4v0∆t∆si + (∆si)2
(si − si−1)2 . (29)
Next, when ∆si = si − si−1 is substituted into (29), a quartic equation can be obtained as shown by
k3s
4
i + (k2 − 2k3si−1)s3i + (k1 − 2k2si−1 + k3s2i−1 − 1)s2i
+ (k2s
2
i−1 − 2k1si−1 + 4v0∆t+ 2si−1)si + k1s2i−1 − 4v20(∆t)2
− 4v0∆tsi−1 − s2i−1 = 0. (30)
si is found by solving the quartic equation in (30) in terms of its previous value si−1 and ∆t. For physically
meaningful parameter values, one of the roots is negative and the two of the roots are complex numbers
in (30). Only one real positive root is left as the solution of si which is too long to write in this paper.
The results for this solution are shown numerically in the next section.
Algorithm 1 FDDE Algorithm
1: input: Te, αd0 , D0 v0, ∆t, θ, ts
2: t0 = 0; i = 1; d0 = D0
3: Calculate ∆d by (4)
4: while ti−1 ≤ ts do
5: if ti−1 ≤ Te then
6: di = di−1
7: Calculate αdi by (8)
8: else
9: di = di−1 + ∆d
10: Calculate αdi by (9)
11: end if
12: Calculate si by using the real positive root of (30)
13: i = i+ 1; ti = ti−1 + ∆t
14: end while
Finally, an estimation algorithm given in Algorithm 1 is proposed by using the derived parameters to
evaluate the average traveling distance of droplets. In this algorithm, the initial parameters are given at
the beginning such as Te, αd0 , D0, v0, ∆t, θ and total simulation time (ts). D0 is assigned as the initial
droplet diameter. Then, the diameter of droplets are calculated for each time step. During the emission of
11
droplets, droplet diameters are assumed to be constant. Otherwise, the reduction in the droplet diameter
is calculated by using ∆d to obtain αdi as given in (8) or (9). Subsequently, the average distance is
calculated by using the real positive root of (30). These steps are repeated until the end of the simulation.
The FDDE algorithm can be utilized to model the movement of droplets emitted from the TX as given
with the numerical results in the next section.
IV. NUMERICAL RESULTS
In this section, numerical results using the FDDE algorithm given in Section III are presented. This
algorithm is validated by experimental results. Firstly, measurements of some practical parameters to be
used as input in this algorithm are given.
A. Measurements
The parameters of the sprayer such as θ, D0 and v0 are required to be measured to compare the
practical experiment results with the proposed algorithm. D0 is measured by a precise digital caliper,
which is a measurement tool with a resolution of 0.01 mm for the length of an object. θ is measured by
using image analysis with the software ImageJ. The image used for this analysis is given in Fig. 3.
Fig. 3: Measurement for the beamwidth of the TX.
Then, the volumetric flow rate (Q), which gives the fluid volume flowing through the sprayer per unit
time, is measured in order to calculate the initial average velocity of droplets (v0). For the measurement
of Q, a precision balance, which is an equipment measuring the mass with a precision of 0.001 g, is
used. The mass of the sprayer filled with the liquid ethanol is measured before and after a short spraying.
Meanwhile, the elapsed time for spraying is recorded. In order to find the volume of the sprayed liquid
ethanol, the mass is divided by the density of the liquid ethanol (ρd) whose value is obtained from
12
[29]. Hence, Q can be calculated by dividing the mass difference to the elapsed time for consecutive
measurements [28]. Q can be presented by the formula
Q =
∆V
∆tv
, (31)
where ∆V and ∆tv show the volume and time difference between the initial and final measurement
values. In order to eliminate the random effects, ten measurements are made to calculate Q. Afterwards,
the initial average velocity of the droplets can be found by [28]
v0 =
Q
A0
, (32)
where A0 is the cross-sectional area of the nozzle calculated by A0 = pi(D0/2)2. Thus, ten v0 values
are obtained as the result of these measurements. The average of these ten v0 values is employed for the
comparison of the theoretical and experimental results. The measured and calculated values of θ, D0 and
v0 are given in Table II.
For the validation of the FDDE algorithm, the experimental data are collected by using the experimental
setup given in Section II. The measurements are made for nine different distances ranging from 1 to 1.8
m in steps of 0.1 m. At each distance, five different emissions are made with Te = 0.25 s from the
TX (a single puff) at 20◦C. A sufficient amount of duration (at least five minutes) is left between two
consecutive measurements in order to eliminate the effects of the previous transmissions. The room that
the measurements are made is ventilated along this duration. In the next part, the experimental parameters
given in Table II are used for the numerical evaluation of the proposed methods.
TABLE II: Experimental parameters
Parameter Value
Half-beamwidth of the TX (θ) 38◦
Diameter of the nozzle orifice (D0) 510 µm
Average initial velocity of the droplets (v0) 10.8 m/s
Time step (∆t) 0.01 s
Reynolds number (Re) 0.1
Emission time of the TX (Te) 0.25 s
Volume fraction of droplets at t = Te (αd0 ) 0.001
Density of liquid ethanol (ρd) 789 kg/m3 [29]
Density of air (ρa) 1.2 kg/m3 [27]
Molecular weight of ethanol (Mv) 46.069× 10−3 kg/mol [27]
Molecular weight of air (Ma) 28.9647× 10−3 kg/mol [29]
Diffusion coefficient of vapor ethanol (Dv) 11.81× 10−6 m2/s [30]
Partial pressure of air (Pa) 105 Pa [27]
Vapor pressure difference (∆P ) 790 Pa [27]
Kinematic viscosity of air (νa) 1.516× 10−5 m2/s [27]
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B. Results and Analysis
In Table II, Re is given as a very small number (0.1), since the medium between the TX and RX is
assumed as non-turbulent. Furthermore, αd0 is chosen as a small number (0.001) in accordance with the
observations about the mixture volume of droplets and air particles. Furthermore, the chemical properties
of ethanol and air in Table II are obtained from [29], [30] and [27], respectively. ∆P is used as the same
value in [27], since the densities of liquid in [27] and our study have close values.
When the peak time of the sensor voltage, which is assumed as ti, is measured by the RX, the distance
can be estimated by the FDDE algorithm as shown in Fig. 4. Here, ∆t is chosen sufficiently small so that
peak time values measured by the sensor correspond to ti values exactly. Each value in Fig. 4 denotes
the mean value of five estimations for the corresponding distance. In order to evaluate the accuracy of the
estimations for each distance, Mean Absolute Percentage Error () is chosen as the performance metric
as given by
 =
100
N
N∑
k=1
|sˆk − s|
s
(33)
where N is the number of estimations, sˆ and s are the estimated and actual distance values. Fig. 5
shows the performance of the FDDE algorithm in terms of . Figs. 4 and 5 show the effect of θ
by using its measured value (38◦) and two different values (33◦, 28◦). This effect is related with the
physical phenomena about the spraying pattern and interaction of droplets with air particles. The sprayer
affects the spraying pattern depending on the parameters such as θ, the spatial dispersion and size of the
droplets [25]. Our observations during the experiments show that the majority of droplets propagate in a
narrower beamwidth with respect to the measured value of θ. Furthermore, the interactions among droplets
and air particles induce an air flow in the vicinity of the nozzle towards the center of the beamwidth
along the horizontal axis. This flow entrains droplets from the outer region into the inner region within
the beamwidth [24]. This fact also supports the narrowing beamwidth after spraying droplets. Hence,
as θ decreases, the FDDE algorithm gives more accurate results for shorter distances. The narrowing
beamwidth can be estimated via high-speed photography techniques by visual analysis of the spray
pattern or Phase Doppler Anemometry [31]. However, the estimation and measurement of this narrowing
beamwidth is beyond the scope of this paper.
In Figs. 4 and Fig. 5, the performance of the FDDE algorithm for each θ value changes dramatically
for larger distances. This change can be explained with the effect of Brownian motion for the droplets at
longer distances as also discussed in [23]. The effect of Brownian motion is negligible for large droplets
at smaller distances. However, as the distance increases, the average velocity of droplets is affected by
14
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Fig. 4: Experimental and estimated distance values with the FDDE algorithm.
Brownian motion due to decreasing droplet sizes. Therefore, the FDDE algorithm gives better results for
shorter distances.
Fig. 6 shows the effect of the droplet evaporation for distance estimation with the FDDE algorithm.
The results in this figure for the non-evaporation case is obtained by ignoring the evaporation of droplets
after Te. For our experimental scenario, the effect of evaporation is small as it can be seen in magnified
view of the results for 1.2 m in Fig. 6. The effect of evaporation for other distances in this figure are
similar to the results obtained for 1.2 m. Although this effect is very small for short distances, it can be
more influential for longer distances and higher air temperatures due to the increment of the evaporation.
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Fig. 5: Mean Absolute Percentage Error between experimental and estimated distance values.
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V. CONCLUSION
In this paper, the FDDE algorithm which uses a fluid dynamics perspective is proposed for distance
estimation in practical macroscale MC scenarios. For this algorithm, the propagation of transmitted
droplets is modeled by using fluid dynamics where it is assumed that droplets and air particles move
together as a mixture, i.e., two-phase flow. Here, emitted droplets are modeled as evaporating spherical
particles in the MC channel. The traveling distance of this mixture derived using this model is employed
in the proposed algorithm to estimate the distance between the TX and RX. Afterwards, the FDDE
algorithm is validated by experimental data. It is revealed that the distance depends on the initial velocity
of droplets, air-droplet interaction in the two-phase flow, nozzle orifice, beamwidth of the TX and densities
of droplet and air. In addition, the effect of droplet evaporation is shown with the numerical results. Hence,
it is concluded that fluid dynamics approach can be employed to model the movements of droplets and
estimate the parameters of a macroscale MC channel. As the future work, we plan to employ fluid
dynamics approach for localization in a practical macroscale molecular network.
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